as lineage-specifying master regulators of reciprocally expressed target genes, thus establishing lineage-specific gene expression profiles 2 . The pair {SPI1, GATA1} is a well-studied example in the hematopoietic system 5 . SPI1 (PU.1) specifies the myeloid lineage, characterized by SPI1 >> GATA1, whereas GATA1 specifies the erythroid lineage, in which GATA1 >> SPI1 (ref. 6). Such a lineage split manifests as the establishment of a mutual exclusion of the fate-determining TFs, resulting in their reversed expression, which can be used to identify master regulators. We scored genes for potential participation in such expression reversals. We expected gene pairs that function as lineage determinants to exhibit consistent relative expression across samples from the same cell type (and lineage) and consistent reversal of relative expression between cell types from sister lineages, a property that has been exploited in expression-based classifiers 7-9 .
the distinct cell types of multicellular organisms arise owing to constraints imposed by gene regulatory networks on the collective change of gene expression across the genome, creating self-stabilizing expression states, or attractors. We curated human expression data comprising 166 cell types and 2,602 transcription-regulating genes and developed a datadriven method for identifying putative determinants of cell fate built around the concept of expression reversal of gene pairs, such as those participating in toggle-switch circuits. this approach allows us to organize the cell types into their ontogenic lineage relationships. our method identifies genes in regulatory circuits that control neuronal fate, pluripotency and blood cell differentiation, and it may be useful for prioritizing candidate factors for direct conversion of cell fate.
Mammalian organisms contain at least 250 cell types 1 , each with a characteristic gene expression profile. Despite the increasing availability of expression data, comprehensive characterization of cell type-specific expression profiles remains challenging because of inconsistencies in annotations and technical issues such as data normalization. Moreover, common differential expression analyses alone are insufficient to recover ontogenic cell-lineage relationships or to reflect regulatory relationships among transcription factors (TFs) that lead some to function as fate determinants.
We describe a data-driven method that addresses these problems in the context of the very mechanisms by which the gene regulatory networks govern lineage development. Our analysis is motivated by a two-gene circuit motif known to control binary developmental decisions 2 . This motif, first hypothesized to control developmental switches in Drosophila 3, 4 , contains a pair of mutually repressive TF-encoding genes and effectively constitutes a toggle switch. These circuits allow a bipotent progenitor cell to simultaneously express two opposing TF genes at low levels, existing in the poised state TF1 ≈ TF2 (ref. 2) , but force the differentiating cell to choose between either of two stable configurations in which one TF dominates the other, TF1 >> TF2 or TF2 >> TF1.
Such pairs of antagonistic TFs can govern the development of 'sister' lineages: in addition to cross-inhibiting each other, they act For each pair of genes and each pair of cell types, we defined the reversal score ∆ to be the difference between cell types of the mean rank difference (within each cell type) between genes (equations (1) (2) (3) in Online Methods, Fig. 1 and Supplementary Results). Use of rank data rather than absolute expression obviates the need for sample normalization, which is typically required to correct for sample distribution differences ( Supplementary  Fig. 3 ), because all direct comparisons between genes happen within samples, and conventional normalization methods are rank preserving. Thus, large absolute values of ∆ identify gene pairs that reverse expression between cell types. ∆ is clamped to 0 for pairs of genes that do not change relative expression (that is, the difference in their mean ranks does not change sign) between cell types. Fixing the gene pair in ∆ and letting the cell types vary (Supplementary Results) produces gene pair-reversal plots that visualize the potential for a gene pair to participate in a lineage split between any pair of cell types ( Fig. 1b) . Finally, we defined the participation score Ψ for a particular gene (equations (4) and (5) in Online Methods) to be an aggregate measure of the number and strength of reversals in which the gene participates. The quantification of Ψ encompassing all cell type comparisons produces 'reversal participation portraits' , which can be examined at the level of the gene or the cell type ( Fig. 1c) . These quantities offer a new way to explore gene expression profiles across cell types and are made available as an interactive tool online (http:// trel.systemsbiology.net/). Source code to perform the analysis is available as Supplementary Software, and updated versions are available upon request.
revealing critical factors for induced pluripotency
We hypothesized that participation of a gene in reversals involving a given cell type is indicative of the specificity of the gene for that cell type as well as its potential to participate in lineage determination. We sorted genes by their participation scores in comparisons of embryonic stem cells (ESCs) with other cell types ( Fig. 2a) . The genes NANOG, POU5F1 (OCT3 or OCT4), SOX2 and LIN28A appear among the 20 highest-ranking genes; these are precisely the genes that jointly are capable of inducing the pluripotent state from differentiated cells 11 (see also Supplementary Fig. 4) . A critical role in regulation of stem cell transcription has been reported for 17 of the top 20 genes ( Supplementary Table 6 ). These results are robust with respect to noise and sample size differences (Supplementary Figs. 5-7 and Supplementary Results).
We examined previously published sequencing data 12 for the transcription start site (TSS) activity chromatin marker trimethylated histone 3 lysine 4 (H3K4me3) (obtained via sequencing of immunoprecipitated chromatin, ChIP-seq) and for transcription (via RNA-seq) in multiple normal human cell types (including ESCs) for the top 20 genes associated with ESCs, as defined by the reversal participation score (Fig. 2b) . Genes with a highly ESC-restricted gene portrait appeared ESC specific in both ChIPseq and RNA-seq results. Furthermore, TF ChIP-seq data suggest that the pluripotency-inducing TFs NANOG, POU5F1 and SOX2 co-occupy regulatory regions of genes that are at the top of the list of ESC-associated genes 13 (Supplementary Fig. 8 ).
reversals expose genes with lineage-determining potential
In addition to capturing cell type-restricted expression, our data on ESCs suggest that reversal participation may identify TFs with lineage-specifying power that could be used to induce conversion toward a particular cell type. We investigated this possibility in a published reprogramming experiment 14 . ASCL1 is a critical TF that alone and in combination with other factors was discovered to induce fibroblast-to-neuron conversion 14 . We generated Gene g >> Gene g′
Gene g >> Gene g′
Gene g << Gene g′ � Figure 1 | Gene-pair expression-reversal analysis. (a) Ranks of two hypothetical genes g and g′ scaled by the total number of genes, plotted from microarray samples assigned to three hypothetical cell types. δ, normalized mean rank difference of two genes. (b) Gene pair-reversal plot. The reversal behavior of n = 3 cell types for the {g, g′} gene pair is shown as an n × n symmetric matrix. The ∆ value, indicating the extent of reversal behavior, is represented by the color in the heat map; gray corresponds to ∆ = 0, red tones indicate that the configuration changes from g >> g′ in the first cell type to g << g′ in the second cell type, and opposite reversals are indicated in blue. (c) Reversal participation. The Ψ value for gene g quantifies reversal participation, a measure of the number and strength of reversals in which the gene participates. The matrix on the left displays a cell portrait in which rows correspond to the reversal participation scores of genes for those pairwise cell type comparisons involving cell type 12 (comparisons to self are indicated in dark blue). The portraits are sorted to reveal highest-scoring genes on top. Alternatively, for assessing reversal participation of a particular gene across all cell types (here, pairwise comparisons of 32 hypothetical cell types) the Ψ values can be visualized as gene portraits (note the corresponding rows in the two matrices: the row showing reversal participation of gene g in cell type 12 on the left matches the row for cell type 12 in the gene portrait shown on the right).
npg reversal participation portraits of the 19 genes encoding TFs initially evaluated as candidates for fibroblast-to-neuron conversion and examined the portraits in light of each factor's potency 14 in enhancing ASCL1-induced conversion ( Fig. 3) . Those TFs previously observed to be effective in inducing transdifferentiation showed strong reversal participation signal localized to comparisons involving neuronal cell types. The diffuse patterns in the plots are in agreement with experimental results 14 in which those genes showed no effect on ASCL1-induced conversion. Therefore, gene-reversal participation also identifies potential fatedetermining roles of a TF in a given lineage.
expression reversals in the hematopoietic lineage splits
To demonstrate how gene pair-reversal analysis can shed light on toggle-switch circuits, we selected three characterized mutual repression circuits involved in blood cell lineage control: {GATA1, SPI1}, {GATA1, GATA2} and {GFI1, EGR2}. These pairs govern the lineage splits between erythroid versus myeloid, erythroid versus megakaryocyte and granulocyte versus macrophage, respectively 5, 15, 16 .
For the first lineage split, we observed the SPI1 ≈ GATA1 configuration in progenitor cells, a result consistent with previous data 17 , whereas a pronounced reversal of their relative expression occurred between the proerythroid and promyeloid cells: GATA1 >> SPI1 in all array data from proerythroid cells and GATA1 << SPI1 in all data from promyeloid cells ( Supplementary  Fig. 9a ). Thus, the behavior of this gene pair across all cell types in the comparison set, as seen in the gene-pair plot, highlighted the erythroid-myeloid lineage split ( Supplementary Fig. 9b) . Similarly, expression of the {GATA1, GATA2} pair was reversed between proerythroid cells and platelets that segregate in a downstream lineage split 15 (Supplementary  Fig. 9c ). Finally, expression of the {GFI1, EGR2} pair was strongly reversed between granulocyte-lineage progenitors and differentiated macrophages. Notably, this pair exhibited a signal of mutual exclusion in the lymphoid lineage, suggesting a broader role in the blood system: that is, the reuse of circuits for different decisions 2 (Supplementary Fig. 9d ).
Lineage branching is often controlled not just by one toggleswitch circuit but rather by the integrated action of many interconnected 18 , mutually repressing gene pairs. We evaluated the reversal behavior of all gene pairs in the TF set in an extended set of hematopoietic cell types, attempting to identify pairs that exhibit an expression reversal associated specifically with the erythroid-myeloid lineage split or the B versus T lymphoid lineage split (Online Methods). To increase specificity, we required that the TF gene pairs separating erythroid and myeloid cells be disjoint with the pairs separating lymphoid cells.
We matched the expression reversal pattern expected in these lineage splits, shown in ideal reversal plots ( Fig. 4a) , against the data to identify pairs of TF genes that were maximally lineage restricted for either the common erythroid-myeloid or lymphoid progenitors and that exhibited minimal reversal outside these cell types. To distinguish these reversals from those obtained by chance in comparisons between irrelevant cell types, we ordered TOX3   SOX11   PRDM14   ORC1L   HELLS   ZNF423   ESRP1  ZFP42  DNMT3B  SALL1  TOX3  SOX11  PRDM14  ORC1L  HELLS  ZNF423 H1 ES HMEC HSMM HUVEC NHEK NHLF npg the results of our reversal analysis by the probability of obtaining reversals in the entire 166 × 166 cell type comparison matrix using the hypergeometric distribution. We identified five pairs that fulfilled the erythroid-myeloid reversal pattern (exhibiting at least one reversal with |∆| > 1) ( Fig. 4b) , including {GATA1, SPI1} and three pairs that matched the lymphoid pattern ( Fig. 4c) , each containing GATA3. Interestingly, many of the genes found, including the validated GATA1-SPI1 toggle switch, are known to be part of the core network that controls erythropoiesis, myelopoiesis or lymphopoiesis [19] [20] [21] [22] [23] [24] [25] [26] [27] and have been shown in some cases to engage in mutual interaction 5, [28] [29] [30] . For comparison, we also used standard rank-based differential expression to identify genes that would be specific for the lineage split examined (Supplementary Results) .
Although we also obtained several of the same genes, these approaches failed to capture the lineage-differentiating property, as it is not attributable to single genes but rather to pairs of genes (Supplementary Results and Supplementary Tables 7-9 ).
Several previous experiments support the involvement in the T versus B lymphoid lineage split of the {GATA3, EBF1} gene pair we identified by expression-reversal scoring. Gata3 binding was observed in mouse ChIP-seq data 31 near the TSS of Ebf1 but not Spib or Aff3, which led us to focus on the {GATA3, EBF1} pair as the best candidate for the lymphoid lineage split. In agreement with this, Gata3 was shown to be repressed by Ebf1 in a gain-of-function study 32 . Furthermore, ChIP-seq data from human lymphoblastoid cells 12 indicates EBF1 binding near the GATA3 TSS. ChIP-seq data also confirmed the possibility of cross-inhibitory interactions at the level of DNA binding for three of the five putative toggle-switch circuits from the erythroid-myeloid analysis (Supplementary Figs. 10  and 11) . Moreover, the observed binding of regulatory factors to their own promoters indicates possible autoregulation, which is proposed to be important for genes that participate in lineage-regulatory toggle circuits for stabilizing the poised progenitor state 2,6 .
Using multiple independent ChIP-seq data sets ( Supplementary  Table 10 ), we examined genome-wide binding of the TFs GATA1, TAL1, SPI1, EBF1 and GATA3, which show evidence of crossinhibitory interactions with the other TF in each identified pair. Specifically, we performed genomic region enrichment analyses (Online Methods and Supplementary Results) to test whether their binding preferentially occurred in the vicinity of genes associated with specific hematopoietic lineages. Indeed, we found that GATA1 and TAL1 binding were clearly associated with ontology terms related to erythrocyte phenotype and differentiation, SPI1 with the myeloid-macrophage, EBF1 with B cells and GATA3 with T cells (Supplementary Tables 11-15 ), also matching known TF gene knockout phenotypes in mouse ( Supplementary Table 16 ). Furthermore, each member of the antagonistic pairs was also associated with phenotype terms of the respective sister lineage, which could indicate widespread repressive regulation, beyond that of the antagonistic pair.
Gene-pair reversals reflect lineage relationships
Lineage relationships are often illustrated as a tree because of the developmental genealogy of cell types, but the detailed structure of the actual tree for all cell types in higher metazoa remains unknown. We hypothesized that the number of gene pairs with reversed expression between a pair of cell types is indicative of the relatedness of the cell types. Formalizing this, we defined a similarity measure Φ (X,Y) between two cell types, X and Y, as the count of gene pairs for which ∆ > 1. We selected well-studied sets of hematopoietic cells and developmentally related endothelial cells to test whether the similarity measure Φ was able to capture known hierarchical lineage relationships. Several precursor cells of these lineages were present in the transcriptome data set we analyzed, permitting the study of branch points. Although traditional hierarchical clustering methods generate dendrograms, cluster labels in dendrograms are placed on the terminal branches (leaves). Thus, such methods cannot reflect the biological lineage tree because all precursors (which exhibit promiscuous gene expression profiles) would necessarily be placed on the leaves rather than on the branch points.
To build this biological intuition into our analysis, we first performed a hierarchical clustering of similarity Φ in differentiated cell types, which we followed by a separate placement of precursor cell types onto the tree branch points, taking Φ into consideration (Online Methods). The resulting dendrogram (Fig. 5a) reflected the well-known hierarchical lineage relationships among these cell types. To facilitate interpretation, we used the similarity Φ of each cell profile to that of the ESC to superimpose an elevation onto the dendrogram. This exposed a key feature of the cell-fate map: we observed that the hematopoietic stem cell and other precursor 20 20 Figure 3 | Reversal participation analysis of a candidate gene set for neuronal specification. The reversal participation (Ψ) portraits of 19 candidate genes for inducing fibroblast-to-neuron conversion 14 are shown. ASCL1 was previously found to be most potent on its own for this induction. The ordering of the portraits reflects previous experimental success with induction of neuronal fate in combination with ASCL1. The gray bar indicates the location (rows) of neuronal cells in each portrait. The combination of genes indicated in bold resulted in the best reprogramming efficiency.
npg has been described as an epigenetic regulator of pluripotency genes [35] [36] [37] . Upon its discovery, TET1 lacked annotation of its cellular function 38 . Our analysis suggested a developmental function, and a key role for TET1 in maintaining pluripotency was indeed subsequently found 39 . Knowing the mechanistic interactions of transcriptional regulatory networks in different cell types 40 will enable cell type-specific modeling of genetic networks and an understanding of how mutually repressive pairs of TF genes that act as bistable lineage-determining toggle switches affect other TF genes and ultimately the global state of the network.
By showing that bidirectional regulation epitomized by the toggle-switch circuits is manifested in expression reversal behavior, we grounded our method on proposed mechanisms in developmental biology [2] [3] [4] . We successfully identified lineage-specific profiles and TF genes involved in core fate-determining circuits. Because the identified genes are not only reporters correlated with Cell types � all 166 cell types ( Fig. 5b) and compared it to the landscape results obtained using metabolic genes 33 instead of TF genes ( Fig. 5c and  Supplementary Fig. 13) . As the precursors of many cell types are not present in the data set, we used multidimensional scaling to visualize cell type dissimilarities on a plane. After again superimposing elevation using the similarity to ESCs, we observed precursor cell types at elevated locations and a distinct peak for the pluripotent cells in the TF landscape. In contrast, metabolic genes, which are not expected to drive lineage determination, failed to discriminate precursor cells. In the metabolic landscape, these cells resided in a large basin that connects cell types from multiple lineages and differentiation stages.
discussion
We show a unique way to analyze cell type-specific gene expression profiles that is connected to the very principles by which gene circuits govern cell type diversification. Using the information in the reversal of expression between pairs of genes encoding TFs in cell type comparisons, we generated 'participation portraits' of cell types that identified TFs known to play a role in fate determination. Our curated sets of TFs that operate at the core of cell fate-switch circuits should pave the way toward investigating how TFs, chromatin modification and RNA processing act together in cell lineage control 34 and in regulatory networks. For instance, two genes that were highly ranked in ESCs by our analysis, DNMT3B and TET1, regulate DNA methylation: DNMT3B cell types were more proximal to the ESC than to terminally differentiated cells. The third dimension therefore captured properties of a true differentiation landscape reminiscent of Waddington's metaphoric epigenetic landscape 10 . We obtained a similar landscape for blood cell types using an independent data set ( Supplementary  Fig. 12 and Supplementary Table 17 ).
To challenge the possibility that the landscape reflects differentiation potential, we extended the clustering to include npg cell lineages but also possibly involved in regulatory circuits that carry out cell-fate decisions, our data and the interactive tool we provide to explore them could also inform the choice of candidate genes for cell fate reprogramming.
We identified with high significance eight gene pairs for the developmental circuitry of the common blood progenitors that allowed us to explore further how inherent properties of antagonistic pairs may manifest in other types of large-scale data sets. Finally, we used the reversal analysis to design a cell typesimilarity measure that integrates regulatory information, affording a first opportunity to capture the epigenetic landscape of the cell differentiation tree directly from expression profile data. In conclusion, our methods for the global analysis of published cell type transcriptomes capture the underlying regulatory dynamics in static gene expression profiles.
methods
Methods and any associated references are available in the online version of the paper.
Note: Supplementary information is available in the online version of the paper. 15 npg nAture methods activated B cell, germinal-center centrocyte and centroblast) and L2 has four T lymphoid (naive CD4 + T cell, activated CD4 + T cell, naive CD8 + T cell and activated CD8 + T cell) cell types included, and the proerythroid and promyeloid cell types were selected as an external (E) group.
To identify candidate toggle pairs, we consider the ternary states ∆ < 0, ∆ > 0 and ∆ = 0 and compare the expected configuration for the lineage split to the one observed in a particular cell type set (with representative cell types of a lineage split). We expect no reversals (∆ = 0) in the P-L1, P-L2, P-E, L1-E and L2-E comparisons and always a reversal in all L1-L2 comparisons (∆ < 0 for each L1 vs. L2 and ∆ > 0 for each L2 vs. L1, or ∆ > 0 for each L1 vs. L2 and ∆ < 0 for each L2 vs. L1). The exact match is the first filter to find candidate pairs. (The external group can be omitted, but it is useful if pairs that do not exhibit expression reversals in neighboring lineages should be excluded.) Additionally, at least one reversal with |∆| > 1 is required to accept a candidate gene pair to the final list shown. Supplementary Table 7 shows additional results when one or more of these criteria are relaxed. Invariantly, the top pairs presented are among the most promising candidates. Finally, the hypergeometric probability to obtain a defined set of reversals is calculated for each pair and used to sort the gene pairs. To calculate this distribution, the number of successes in the sample corresponds to the observed reversals in the specified cell type set, the number of successes in the population to the observed reversals across all cell type comparisons and the sample size to the number of cell types assigned to P, L1, L2 and E.
Clustering of cell types. We define a similarity measure based on gene-pair expression reversals, Φ, as the number of reversal pairs with | ∆ | ≥ 1 (as defined above) for a given cell type comparison. By examining all possible pairs of TF genes in our data set, we can count the number of reversal pairs {g, g′} between two cell types (X, Y). Then, the greater the number of reversal pairs, the greater the similarity Φ(X, Y) between the two cell types.
The cell lineage was reconstructed using hierarchical clustering with average linkage for the endothelial and hematopoietic cell types. Clustering was applied to terminally differentiated cell types. The hematopoietic and endothelial cells are closely related in early development. A hemangioblast cell type is a progenitor for both hematopoietic and endothelial precursors 42 . In the clustering, we do not have the common precursor cell type present, nor a precursor for endothelial differentiation. Therefore, all endothelial cells are assigned as differentiated cell types. The hematopoietic cell is the common precursor of the blood cell types and placed at the center. There are three early precursor cell types for the erythroid-myeloid lineage: erythroblast, bone marrow promyelocyte and CD11 + cells. In addition, we chose to assign monocyte as a precursor cell type, as the data set contains multiple monocyte-derived cell types (macrophages and dendritic cells). There is no early lymphoid precursor in the data set. We chose to assign the naive cell types as precursors. For the B cell lineage, a further maturation step occurs in the germinal centers 43 . For this reason, the germinal-center centrocyte and centroblast are assigned as precursors. The other cell types are considered to represent a differentiated state.
The placement of the progenitor cell types {B 1 ,…,B M }, where M is the number of progenitor cell types, was done using the
